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FIG.3
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FIG.7
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FIG.9
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FIG.12

Receive first input batch — 1210
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FIG. 13
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FIG. 14
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METHOD AND APPARATUS WITH
UPDATING OF ALGORITHM FOR
GENERATING DISPARITY IMAGE

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application claims the benefit under 35 USC § 119(a)
of Korean Patent Application No. 10-2019-0143128 filed on
Nov. 11, 2019 1n the Korean Intellectual Property Oflice, the
entire disclosure of which 1s incorporated herein by refer-
ence for all purposes.

BACKGROUND

1. Field

The following description relates to technology for updat-
ing an algorithm, for example, technology for updating an
algorithm for generating a disparity image.

2. Description of Related Art

With the development of technologies for processing
captured 1mages ol a scene, methods for modifying the
captured 1mages are being developed. For example, a virtual
image 1s generated by changing a viewpoint of an image. To
accurately generate a virtual image, a depth from the view-
point at which the image 1s captured to an object of a scene
needs to be measured accurately. For example, the depth 1s
determined by measuring a time of flight (TOF) using a
laser. In another example, the depth i1s determined by cal-
culating a binocular disparity with respect to matched stereo
1mages.

SUMMARY

This Summary 1s provided to introduce a selection of
concepts 1 a sumplified form that are further described
below 1n the Detailed Description. This Summary 1s not
intended to i1dentily key features or essential features of the
claimed subject matter, nor 1s 1t intended to be used as an aid
in determining the scope of the claimed subject matter.

A method with algorithm updating includes: receiving a
first 1input batch including one or more first images; gener-
ating a {irst output batch with respect to the first input batch
using an algorithm configured to generate a disparity image,
the first output batch including one or more first output
images; recerving a second input batch corresponding to the
first input batch, the second 1nput batch including one or
more second images having viewpoints that are diflerent
from viewpoints of the one or more first images; generating
a test batch based on the first output batch and the second
input batch, the test batch including one or more test images;
and updating the algorithm based on a difference between
the first input batch and the test batch.

The one or more first images may include at least one left
image captured by a left camera of stereo cameras and at
least one right image captured by a right camera of the stereo
cameras.

The one or more first images may not have a label
indicating a viewpoint.

The one or more first images and the one or more second
images may be stereo images.

The algorithm may be a neural network-based algorithm.

The updating of the algorithm may include: determining,
the difference between the first input batch and the test
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2

batch; and updating the algorithm to reduce the difference
between the first input batch and the test batch.

The determining of the difference between the first input
batch and the test batch may include: generating respective
masks on a first image, among the one or more first images,
and a test 1mage, among the one or more test images; and
determining the difference between the first input batch and
the test batch based on regions, excluding the masks, of the
first image and the test image.

The generating of the respective masks may include
generating the respective masks based on a baseline of a
camera.

The generating of the respective masks may include
generating the respective masks based on either one or both
ol object information 1n the first image and object informa-
tion 1n the test image.

In another general aspect, a non-transitory computer-
readable storage medium stores instructions that, when
executed by a processor, cause the processor to perform the
method described above.

In another general aspect, a method with algorithm updat-
ing includes: recerving a first input batch including one or
more {first 1mages; generating a first output batch with
respect to the first mput batch using an algorithm for
generating a disparity image, the first output batch including
one or more first output 1mages; generating a test batch
based on the first output batch and the first input batch, the
test batch including one or more test images; receiving a
second 1nput batch corresponding to the first input batch, the
second input batch including one or more second 1mages
having viewpoints that are different from viewpoints of the
one or more {irst images; and updating the algorithm based
on a difference between the second mput batch and the test
batch.

The updating of the algorithm may include: determining
the difference between the second 1nput batch and the test
batch; and updating the algorithm to reduce the difference
between the second mput batch and the test batch.

The determining of the difference between the second
input batch and the test batch may include: generating
respective masks on a second 1mage, among the one or more
second 1mages, and a test image, among the one or more test
images; and determining the difference between the second
input batch and the test batch based on regions, excluding
the masks, of the second image and the test image.

In another general aspect, a non-transitory computer-
readable storage medium stores instructions that, when
executed by a processor, cause the processor to perform the
method described above.

In another general aspect, an apparatus with algorithm
updating includes a processor configured to: receive a first
input batch including one or more first images; generate a
first output batch with respect to the first input batch using
an algorithm configured to generate a disparity 1mage, the
first output batch including one or more {irst output 1mages;
receive a second mput batch corresponding to the first input
batch, the second mput batch including one or more second
images having viewpoints that are different from viewpoints
of the one or more first images; generate a test batch based
on the first output batch and the second input batch, the test
batch including one or more test images; and update the
algorithm based on a difference between the first input batch
and the test batch.

The one or more first images may include at least one left
image captured by a left camera of stereo cameras and at
least one right image captured by a right camera of the stereo
cameras.
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The updating of the algorithm may include: determining,
the difference between the first input batch and the test

batch; and updating the algorithm to reduce the difference
between the first input batch and the test batch.

The determining of the difference between the first input
batch and the test batch may include: generating respective
masks on a first image, among the one or more first images,
and a test image, among the one or more test images; and
determining the difference based on regions, excluding the
masks, of the first image and the test image.

The generating of the respective masks may include
generating the respective masks based on a baseline of a
camera.

The generating of the respective masks may include
generating the respective masks based on either one or both
of object information 1n the first image and object informa-
tion in the test image.

The apparatus may further include a memory storing a
program, wherein the processor 1s configured to execute the
program to receive the first input batch, generate the first
output batch, receive the second i1nput batch, generate the
test batch, and update the algorithm.

In another general aspect, am apparatus with algorithm
updating includes a processor configured to: receive a first
input batch including one or more first 1mages; generate a
first output batch with respect to the first imnput batch using
an algorithm for generating a disparity 1image, the first output
batch including one or more {irst output 1mages; generate a
test batch based on the first output batch and the first input
batch, the test batch including one or more test images;
receive a second mput batch corresponding to the first input
batch, the second input batch including one or more second
images having viewpoints that are different from viewpoints
of the one or more first images; and update the algorithm
based on a difference between the second input batch and the
test batch.

The apparatus may further include stereo cameras includ-
ing a left camera and a right camera, wherein the one or
more first images include at least one left image generated
by the left camera and at least one right 1mage generated by
the right camera.

The algorithm may include a neural network-based algo-
rithm. The updating of the algorithm may include updating,
the algorithm through backpropagation.

The updating of the algorithm based on the difference
between the second mnput batch and the test batch may
include updating the algorithm based on an average of
respective differences between second images, among the
one or more second 1mages, and corresponding test images,
among the two or more test 1images.

Other features and aspects will be apparent from the
tollowing detailed description, the drawings, and the claims.

BRIEF DESCRIPTION OF THE

DRAWINGS

FIG. 1 illustrates an example of a disparity image gener-
ated based on a single 1mage.

FIG. 2 1llustrates an example of an algorithm updating
apparatus.

FIG. 3 illustrates an example of an algorithm updating
method.

FIG. 4 illustrates an example of a first input batch and a
second 1nput batch.

FIG. 5 illustrates an example of generating a first output
batch based on a first input batch.

FIG. 6 1llustrates an example of generating a test batch
based on a first output batch and a second mput batch.
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4

FIG. 7 1llustrates an example of updating an algorithm to
reduce a difference between a first mput batch and a test
batch.

FIG. 8 1llustrates an example of a first input batch and a
test batch.

FIG. 9 1llustrates an example of determining a difference
between a first input batch and a test batch based on masks.

FIG. 10 1illustrates an example ol masks respectively
generated on 1mages of a first iput batch and 1mages of a
test batch.

FIG. 11 1illustrates an example of a baseline of cameras.

FIG. 12 illustrates an example of an algorithm updating
method.

FIG. 13 illustrates an example of updating an algorithm to
reduce a diflerence between a second iput batch and a test
batch.

FIG. 14 1llustrates an example of determining a difference
between a second input batch and a test batch based on
masks.

Throughout the drawings and the detailed description, the
same drawing reference numerals refer to the same ele-
ments, features, and structures. The drawings may not be to
scale, and the relative size, proportions, and depiction of

clements in the drawings may be exaggerated for clarity,
illustration, and convenience.

DETAILED DESCRIPTION

The following detailed description 1s provided to assist
the reader 1n gaining a comprehensive understanding of the
methods, apparatuses, and/or systems described herein.
However, various changes, modifications, and equivalents
of the methods, apparatuses, and/or systems described
herein will be apparent after an understanding of the dis-
closure of this application. For example, the sequences of
operations described herein are merely examples, and are
not limited to those set forth herein, but may be changed as
will be apparent after an understanding of the disclosure of
this application with the exception of operations necessarily
occurring 1n a certain order. Also, descriptions of features
that are known after an understandmg of the disclosure of
this application may be omitted for increased clarity and
CONCISeness.

The features described herein may be embodied 1n dif-
ferent forms and are not to be construed as being limited to
the examples described heremn. Rather, the examples
described herein have been provided merely to illustrate
some of the many possible ways of implementing the
methods, apparatuses, and/or systems described herein that
will be apparent after an understanding of the disclosure of
this application.

Herein, 1t 1s noted that use of the term “may” with respect
to an example or embodiment, e.g., as to what an example
or embodiment may include or implement, means that at
least one example or embodiment exists 1n which such a
feature 1s 1included or implemented while all examples and
embodiments are not limited thereto.

Throughout the specification, when an element, such as a
layer, region, or substrate, 1s described as being “‘on
“connected 10,” or “coupled to” another element, 1t may be
directly “on,” “connected to,” or “coupled to” the other
clement, or there may be one or more other elements
intervening therebetween. In contrast, when an element 1s
described as being “directly on,” “directly connected to,” or
“directly coupled to” another element, there can be no other
clements intervening therebetween. As used herein, the term
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“and/or” includes any one and any combination of any two
or more of the associated listed items.

Although terms such as “first,” “second,” and “third” may
be used herein to describe various members, components,
regions, layers, or sections, these members, components,
regions, layers, or sections are not to be limited by these
terms. Rather, these terms are only used to distinguish one
member, component, region, layer, or section from another
member, component, region, layer, or section. Thus, a first
member, component, region, layer, or section referred to in
examples described herein may also be referred to as a
second member, component, region, layer, or section with-
out departing from the teachings of the examples.

The terminology used herein 1s for describing various
examples only and 1s not to be used to limit the disclosure.
The articles “a,” “an,” and “the” are intended to include the
plural forms as well, unless the context clearly indicates

A B Y P

otherwise. The terms “comprises,” “includes,” and *“has”
specily the presence of stated features, numbers, operations,
members, elements, and/or combinations thereof, but do not
preclude the presence or addition of one or more other
features, numbers, operations, members, elements, and/or
combinations thereof.

Unless otherwise defined, all terms including technical
and scientific terms used herein have the same meaning as
commonly understood by one of ordinary skill in the art to
which examples belong, based on an understanding of the
disclosure of this application. It will be further understood
that terms, such as those defined 1n commonly-used diction-
aries, should be interpreted as having a meaning that is
consistent with their meaning in the context of the relevant
art and will not be interpreted in an idealized or overly
formal sense unless expressly so defined herein.

The features of the examples described herein may be
combined 1 various ways as will be apparent after an
understanding of the disclosure of this application. Further,
although the examples described herein have a variety of
configurations, other configurations are possible as will be
apparent alter an understanding of the disclosure of this
application.

When describing the examples with reference to the
accompanying drawings, like reference numerals refer to
like constituent elements and a repeated description related
thereto will be omitted. In the description of examples,
detailed description of well-known related structures or
tunctions will be omitted in the interest of conciseness.

FIG. 1 1llustrates an example of a disparity image gener-
ated based on a single 1mage.

A depth camera may be used to directly generate a depth
image or a disparity image ol a scene. Many current elec-
tronic devices include cameras for generating color images.
A disparity image may be indirectly generated using color
images generated using the camera. For example, a disparity
image may be generated by calculating a binocular disparity
between stereo 1mages generated using stereo cameras. In
another example, a disparity image may be generated based
on an i1mage generated by a monocular camera and an
algorithm. The algorithm 1s, for example, a trained neural
network.

An error may occur in a disparity image 130 generated
based on a single image 110 and an algorithm 120. For
example, 11 an algorithm 120 i1s not trained well, an error
occurs 1n the generated disparity image 130. Hereinafter, a
method of updating or training an algorithm for generating,
a disparity image will be described in detail with reference

to FIGS. 2 through 14.
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FIG. 2 illustrates an example of an algorithm updating
apparatus.

Referring to FIG. 2, an apparatus 200 for updating an
algorithm 1ncludes, for example, a communicator 210, a
processor 220, and a memory 230. For example, the appa-
ratus 200 1s an apparatus for updating or training the

algorithm 120 of FIG. 1. Hereinaftter, the term “update” and
the term “train” may be interchangeably used.

The apparatus 200 may be a server with an excellent
computing performance. In another example, the apparatus
200 may be an apparatus included 1n an electronic device.
For example, the electronic device may be a device included
in a vehicle.

The communicator 210 1s connected to the processor 220
and the memory 230, and transmits and receives data to and
from the processor 220 and the memory 230. The commu-
nicator 210 may be connected to an external device, and may
transmit and receive data to and from the external device.
Hereinafter, transmitting and receiving “A” refers to trans-
mitting and receiving “information or data indicating A”.

The communicator 210 1s, for example, implemented as
circuitry 1n the apparatus 200. For example, the communi-
cator 210 includes an internal bus and an external bus. The
communicator 210 1s an element connecting the apparatus
200 and an external device. Therefore, the communicator
210 1s an 1nterface. The communicator 210 may receive data
from the external device and may transmit the data to the
processor 220 and the memory 230.

The processor 220 processes the data received by the
communicator 210 and data stored 1n the memory 230. The
“processor’ 1s a data processing device implemented by
hardware including a circuit having a physical structure to
perform desired operations. For example, the desired opera-
tions include instructions or codes included 1n a program.
For example, the hardware-implemented data processing
device includes a microprocessor, a central processing unit
(CPU), a processor core, a multi-core processor, a multipro-
cessor, an application-specific integrated circuit (ASIC), and
a field-programmable gate array (FPGA).

The processor 220 executes computer-readable codes (for
example, software) stored in a memory (for example, the
memory 230) and 1nstructions triggered by the processor
220.

The memory 230 stores the data received by the commu-
nicator 210 and the data processed by the processor 220. For
example, the memory 230 stores the program (or an appli-
cation, or software). The stored program 1s a syntax set
coded to update the algornithm and executable by the pro-
cessor 220.

The memory 230 1ncludes at least one among a volatile
memory, a non-volatile memory, a random-access memory
(RAM), a flash memory, a hard disk drive, and an optical
disk drive.

The memory 230 stores an 1nstruction set (for example,
soltware) for operating the apparatus 200. The instruction
set for operating the apparatus 200 1s executed by the
processor 220.

The communicator 210, the processor 220, and the
memory 230 will be described further below with reference
to FIGS. 3 and 12.

FIG. 3 illustrates an example of an algorithm updating
method.

Operations 310 through 350 of FIG. 3 may be performed
by the apparatus 200 of FIG. 2.

Referring to FIG. 3, 1n operation 310, the apparatus 200
receives a flirst mput batch including one or more first
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images. For example, the apparatus 200 receives the first
input batch from a database connected to the apparatus 200.

The first input batch may be generated by selecting two or
more 1mages among a plurality of 1images captured through
one or more cameras. The one or more cameras may be
stereo cameras, and thus, the plurality of images in the
database may include left view images (heremnafter “left
images’) captured by a leit camera and right view 1mages
(heremaftter “right images™) captured by a right camera. For
example, 1n a case 1 which the stereo cameras are provided
in a vehicle, the plurality of images may be images of scenes
changing as the vehicle moves.

The first mput batch will be described 1n greater detail
turther below with reference to FIG. 4.

Still referring to FIG. 3, 1n operation 320, the apparatus
200 generates, using an algorithm, a first output batch with
respect to the first mput batch. The first output batch
includes, for example, disparity 1images respectively corre-
sponding to the first images of the first input batch.

The algorithm used to generate the first output batch 1s an
algorithm to be updated, and generates the first output batch
based on a current updating state. When the algorithm 1s
updated better, a more accurate first output batch 1s gener-
ated. For example, the algorithm may be a neural network-
based algorithm, for example, a deep neural network
(DNN)-based algorithm.

The first images included in the first input batch may not
have a label with respect to a viewpoint. That 1s, the
algorithm for processing images may be unaware of infor-
mation related to viewpoints of the input 1images. Thus, the
algorithm may generate the first output batch irrespective of
a verified specific viewpoint.

In operation 330, the apparatus 200 receives a second
input batch corresponding to the first mput batch. For
example, the apparatus 200 recerves the second input batch
from the database connected to the apparatus 200. The
second input batch includes second images corresponding to
the first 1mages of the first nput batch. A viewpoint of one
of the second 1mages included in the second input batch may
be different from a viewpoint of a corresponding one of the
first images. For example, 1n a case in which an image 1n the
first input batch 1s a left image, a corresponding 1image 1n the
second 1nput batch may be a right image. In an example 1n
which an 1mage 1n the first input batch 1s a nght 1image, a
corresponding 1image in the second 1nput batch may be a left
1mage.

The second input batch will be described further below
with reference to FIG. 4.

In operation 340, the apparatus 200 generates a test batch
based on the first output batch and the second input batch.
The test batch includes one or more 1mages.

Since an image of the first output batch 1s a disparity
1mage and an 1mage of the second mmput batch i1s a color
image, an 1image of a viewpoint different from a viewpoint
of the image of the second mput batch 1s generated based on
the 1mage of the first output batch and the image of the
second mput batch. The generated image of the test batch 1s
an 1mage of a viewpoint the same as that of the image of the
first input batch.

Although FIG. 3 shows that operation 330 1s performed
and then operation 340 1s subsequently performed, opera-
tions 330 and 340 may be performed imndependently and in
parallel.

In operation 350, the apparatus 200 updates the algorithm
based on a difference between the first input batch and the
test batch. An 1mage of the test batch 1s generated such that
a viewpoint of the image of the test batch 1s the same as the
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viewpoint ol the image of the first input batch. Since the
viewpoint of the image of the test batch 1s the same as the
viewpoint of the image of the first input batch, the image of
the test batch and the 1image of the first input batch may be
compared to each other. The 1mage of the first input batch 1s
regarded as a ground truth (GT), and a difference between
the 1mage of the first batch and the image of the test batch
1s determined. The algorithm used to generate the first output
batch may be updated based on the difference between first
batch and the test batch. An example of updating the
algorithm will be described in detail with reference to FIGS.

7 through 11.

Although not shown, operations 310 to 350 may be
repeated until a preset condition 1s satisfied. IT operations
310 to 350 are performed again, the first input batch and the
second 1nput batch received from the database may be
generated differently from those generated previously. For
example, the preset condition may be that the difference
between the test batch and the first imnput batch being less
than a preset difference. For example, the preset condition
may be that an average of respective diflerences between
images of the test batch and corresponding images of the
first input batch 1s less than the preset diflerence.

FIG. 4 1llustrates an example of a first input batch and a
second 1nput batch.

Retferring to FIG. 4, a first input batch 410 includes
images 411 to 414. For example, the images 411 to 412 are
left images, and the images 413 to 414 are right 1mages. The
first input batch 410 may be generated such that a ratio of the
left images to the right images 1s a preset ratio. For example,
the ratio of the left images to the rlght images may be 1:1.

The images 413 to 414 included in the first mput batch
410 may not have a label with respect to a viewpoint. That
1s, an algorithm for processing the images 413 to 414 may
be unaware ol mformation related to viewpoints of the
images 413 to 414.

When the first input batch 410 1s determined, a second
input batch 420 1s generated to correspond to the first input
batch 410. The second mput batch 420 1includes images 421
to 424. The images 421 to 424 correspond to the images 411
to 414. The images 421 to 422 are right images, and the
images 423 to 424 are left images. Thus, the 1mages 411 to
414 and the 1mages 421 to 424 are sterco 1mages.

FIG. § illustrates an example of generating a {irst output
batch based on a first input batch.

The apparatus 200 generates a first output batch 510 by
inputting the first mput batch 410 into the algorithm. The
first output batch 510 includes disparity images 511 to 514,
and the disparity images 511 to 514 respectively correspond
to the 1images 411 to 414. For example, the disparity image
511 1s a disparity 1image with respect to the image 411. As the
algorithm 1s updated better, more accurate disparity images
511 to 514 are generated.

FIG. 6 illustrates an example of generating a test batch
based on a first output batch and a second input batch.

Reterring to FIG. 6, a test batch 610 1s generated to verily
an updating state of the algorithm. For example, the test
batch 610 1s generated to verily the accuracy of the first
output batch 510. The test batch 610 1s generated based on
the second input batch 420 and the first output batch 510.
Respective viewpoints of test images 611 to 614 of the test
batch 610 are the same as respective viewpoints of the
images 411 to 414 of the first imnput batch 410.

FIG. 7 1llustrates an example of updating an algorithm to
reduce a difference between a first mput batch and a test

batch.
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Referring to FIG. 7, operation 350 of FIG. 3 may include
operations 710 and 720.

In operation 710, the apparatus 200 determines a differ-
ence between the first mput batch and the test batch. The
difference between the first mput batch and the test batch
may be a diflerence between a target input image of the first
input batch and a target test image, corresponding to the
target input image, of the test batch. For example, an average
of respective differences between target input images and
corresponding target test images may be determined to be
the diflerence between the first input batch and the test
batch.

In operation 720, the apparatus 200 updates the algorithm
to reduce the determined difference between the first input
batch and the test batch. For example, if the algorithm 1s a
neural network, the algorithm may be updated through
backpropagation.

FIG. 8 illustrates an example of a first input batch and a
test batch.

A difference between the first input batch 410 and the test
batch 610 may be a difference between the image 411 of the
first input batch 410 and the test image 611, corresponding
to the image 411, of the test batch 610. For example, an
average of diflerences with respect to the images 411 to 414
may be determined to be the difference between the first
input batch 410 and the test batch 610.

FIG. 9 illustrates an example of determining a difference
between a first input batch and a test batch based on masks.

Referring to FIG. 9, operation 710 of FIG. 7 may include
operations 910 and 920.

In operation 910, the apparatus 200 generates masks on an
image of the first input batch and an 1image of the test batch.

For example, 1n an example 1n which a left image (the
image of the test batch) 1s generated based on a right image
(the image of the second mnput batch) and a disparity image,
there 1s no mmformation related to a region beyond a left
boundary of the right image, and thus a left boundary region
of the newly generated left image may be 1naccurate. There-
fore, a mask 1s set for the region to prevent inaccurate
information from being determined to be the difference
between the 1mage of first input batch and the image of the
test batch. Masks will be described 1n detail with reference
to FIGS. 10 and 11.

In operation 920, the apparatus 200 determines the dii-
ference between the image of the first mput batch and the
image of the test batch, and thus the difference between the
first input batch and the test batch, based on regions, except
for the masks, of the image of the first input batch and the
image of the test batch.

FIG. 10 illustrates an example of masks respectively
generated on 1mages of a first mput batch and images of a
test batch.

In an example 1n which the images 411 and 412 of the first
input batch are left images, the test images 611 and 612 of
the test batch 610 generated to correspond to the images 411
and 412 are also left images. Since the test images 611 and
612 are generated based on the images 421 and 422, which
are right i1mages, information related to left boundary
regions 1021 and 1022 of the test images 611 and 612 are
inaccurate. Therefore, masks are set for the left boundary
regions 1021 and 1022.

If the images 413 and 414 of the first input batch are right
images, the test images 613 and 614 of the test batch 610
generated to correspond to the images 413 and 414 are also
right images. Since the test images 613 and 614 are gener-
ated based on the 1images 423 and 424 which are left images,
information related to right boundary regions 1023 and 1024

10

15

20

25

30

35

40

45

50

55

60

65

10

of the test images 613 and 614 are inaccurate. Therelore,
masks are set for the right boundary regions 1023 and 1024.

In another example, a mask 1s set based on an object 1n
any one or any combination of the images 413 and 414 of the
first input batch and the test images 613 and 614 of the test
batch 610. In detail, at least one object 1s detected 1n the
image 413 of the first input batch, and a mask 1s set based
on object information such as a position of the object and the
s1ze of the object 1n the image 413. The mask 1s set in a
region other than a region of interest including the object.

The size of a region for which a mask 1s set 1s determined
based on a baseline of stereo cameras. For example as the
baseline increases, the size of the mask increases. The
baseline and the masks will be described further below with
reference to FIG. 11.

FIG. 11 1llustrates an example of a baseline of cameras.

Referring to FIG. 11, stereo cameras 1110 and 1120
respectively generate images 1111 and 1121 by capturing a
scene 1105, There are regions 1112 and 1122 not captured 1n
the images 1111 and 1121 due to a baseline 1130 of the stereo
cameras 1110 and 1120. Masks are set for such regions 1112
and 1122. For example, a mask 1s set for the left boundary
region 1112 of the left camera 1110, and a mask 1s set for the
right boundary region 1122 of the rnight camera 1120.

The method of generating a test batch to have a viewpoint
the same as that of a first mnput batch and updating an
algorithm based on the same has been described above with
reference to FIGS. 3 through 11. Hereinafter, a method of
generating a test batch to have a viewpoint different from
that of a first input batch and updating an algorithm based on
the same will be described below with reference to FIGS. 12
through 14.

FIG. 12 1llustrates an example of an algorithm updating
method.

Operations 1210 to 1250 of FIG. 12 may be performed by
the apparatus 200 of FIG. 2.

In operation 1210, the apparatus 200 receives a first input
batch including one or more first images. The description of
operation 1210 may correspond to the description of opera-
tion 310 of FIG. 3 and, thus, 1s omitted herein for concise-
ness.

In operation 1220, the apparatus 200 generates a first
output batch with respect to the first input batch using an
algorithm. The description of operation 1220 may corre-
spond to the description of operation 320 of FIG. 3 and, thus,
1s omitted herein for conciseness.

In operation 1230, the apparatus 200 generates a test batch
based on the first output batch and the first imnput batch. The
description of operation 1230 may generally correspond to
the description of operation 340 of FIG. 3 and, thus, 1s
mostly omitted herein for conciseness. However, there lies
a difference 1n operation 1230, 1n that the second iput batch
1s used 1n operation 340 and the first mput batch 1s used 1n
operation 1230.

In operation 1240, the apparatus 200 receives a second
input batch corresponding to the first mput batch. The
description of operation 1240 may correspond to the
description of operation 330 of FIG. 3 and, thus, 1s omitted
herein for conciseness.

Although FIG. 12 shows that operation 1230 1s performed
and then operation 1240 1s subsequently performed, opera-
tions 1230 and 1240 may be performed independently and in
parallel.

In operation 12350, the apparatus 200 updates the algo-
rithm based on a difference between the second 1nput batch
and the test batch. For example, an image of the test batch
may be generated such that a viewpoint of the image of the
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test batch 1s the same as a viewpoint of an image of the
second 1nput batch. Since the viewpoint of the 1mage of the
test batch 1s the same as the viewpoint of the image of the
second input batch, the image of the test batch and the 1mage
of the second iput batch are compared to each other. The
image of the second 1nput batch 1s regarded as a ground truth
(GT), and a difference between the 1mage of the second 1nput
batch and the image of the test batch 1s determined. The
algorithm used to generate the first output batch may be
updated based on the difference between the image of the
second input batch and the image of the test batch. For
example, the algorithm may be updated based on an average
of respective differences between 1images of the second 1nput
batch and corresponding images of the test batch. An
example of updating the algorithm will be described in detail
with reference to FIGS. 13 through 14.

FI1G. 13 illustrates an example of updating an algorithm to
reduce a difference between a second input batch and a test

batch.

Referring to FIG. 13, operation 1250 of FIG. 12 includes

operations 1310 and 1320.
In operation 1310, the apparatus 200 determines the
difference between the second mput batch and the test batch.
The difference between the second input batch and the test
batch may be a difference between a target input 1mage of
the second 1nput batch and a target test image, corresponding,
to the target input 1mage, of the test batch. For example, an
average ol respective diflerences between target input
images and corresponding target test images may be deter-
mined to be the difference between the second input batch
and the test batch.

In operation 1320, the apparatus 200 updates the algo-
rithm to reduce the determined difference between the
second input batch and the test batch. For example, 11 the
algorithm 1s a neural network, the algorithm may be updated
through backpropagation.

FI1G. 14 illustrates an example of determining a difference
between a second input batch and a test batch based on
masks.

Referring to FIG. 14, operation 1310 of FIG. 13 may
include operations 1410 and 1420.

In operation 1410, the apparatus 200 generates masks on
an 1mage ol the second input batch and an 1image of the test
batch.

For example, 1n an example in which a right image (the

image of the test batch) 1s generated based on a left image
(the 1mage of the first input batch) and a disparity image,
there may be no information related to a region beyond a
right boundary of the left image, and thus a right boundary
region ol the newly generated left image may be 1naccurate.
Therefore, a mask 1s set for the right boundary region to
prevent inaccurate information from being determined to be
the difference between the image of the second mput batch
and the image of the test batch.
In operation 1420, the apparatus 200 determines the
difference between the 1mage of the second input batch and
the 1image of the test batch, and thus the difference between
the second 1nput batch and the test batch, based on regions,
except for the masks, of the image of the second 1nput batch
and the image of the test batch.

The navigation apparatus 200, the communicator 210, the
processor 220, the memory 230, the processors, the memo-
ries, and other apparatuses, devices, units, modules, and
other components 1n FIGS. 1 to 14 that perform the opera-
tions described in this application are implemented by
hardware components configured to perform the operations
described 1n this application that are performed by the
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hardware components. Examples of hardware components
that may be used to perform the operations described 1n this
application where appropriate include controllers, sensors,
generators, drivers, memories, comparators, arithmetic logic
units, adders, subtractors, multipliers, dividers, integrators,
and any other electronic components configured to perform
the operations described in this application. In other
examples, one or more ol the hardware components that
perform the operations described in this application are
implemented by computing hardware, for example, by one
Or more processors or computers. A processor or computer
may be implemented by one or more processing elements,
such as an array of logic gates, a controller and an arithmetic
logic unit, a digital signal processor, a microcomputer, a
programmable logic controller, a ficld-programmable gate
array, a programmable logic array, a microprocessor, or any
other device or combination of devices that 1s configured to
respond to and execute instructions 1n a defined manner to
achieve a desired result. In one example, a processor or
computer includes, or 1s connected to, one or more memo-
ries storing instructions or soitware that are executed by the
processor or computer. Hardware components implemented
by a processor or computer may execute instructions or
software, such as an operating system (OS) and one or more
software applications that run on the OS, to perform the
operations described 1n this application. The hardware com-
ponents may also access, manipulate, process, create, and
store data 1n response to execution of the instructions or
soltware. For simplicity, the singular term “processor” or
“computer” may be used 1n the description of the examples
described in this application, but in other examples multiple
processors or computers may be used, or a processor or
computer may include multiple processing elements, or
multiple types of processing elements, or both. For example,
a single hardware component or two or more hardware
components may be implemented by a single processor, or
two or more processors, or a processor and a controller. One
or more hardware components may be implemented by one
Or more processors, or a processor and a controller, and one
or more other hardware components may be implemented by
one or more other processors, or another processor and
another controller. One or more processors, or a processor
and a controller, may implement a single hardware compo-
nent, or two or more hardware components. A hardware
component may have any one or more of different process-
ing configurations, examples of which include a single
processor, 1ndependent processors, parallel processors,
single-nstruction single-data (SISD) multiprocessing,
single-nstruction multiple-data (SIMD) multiprocessing,
multiple-instruction single-data (MISD) multiprocessing,
and multiple-instruction multiple-data (MIMD) multipro-
cessing.

The methods 1llustrated in FIGS. 1-14 that perform the
operations described in this application are performed by
computing hardware, for example, by one or more proces-
sors or computers, implemented as described above execut-
ing 1nstructions or soiftware to perform the operations
described in this application that are performed by the
methods. For example, a single operation or two or more
operations may be performed by a single processor, or two
Or more processors, or a processor and a controller. One or
more operations may be performed by one or more proces-
sors, or a processor and a controller, and one or more other
operations may be performed by one or more other proces-
sors, or another processor and another controller. One or
more processors, or a processor and a controller, may
perform a single operation, or two or more operations.
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Instructions or soitware to control computing hardware,
for example, one or more processors or computers, to
implement the hardware components and perform the meth-
ods as described above may be written as computer pro-
grams, code segments, instructions or any combination
thereol, for individually or collectively instructing or con-
figuring the one or more processors or computers to operate
as a machine or special-purpose computer to perform the
operations that are performed by the hardware components
and the methods as described above. In one example, the
istructions or software include machine code that 1s directly
executed by the one or more processors or computers, such
as machine code produced by a compiler. In another
example, the mstructions or software includes higher-level
code that 1s executed by the one or more processors or
computer using an interpreter. The 1nstructions or software
may be written using any programming language based on
the block diagrams and the flow charts illustrated in the
drawings and the corresponding descriptions in the specifi-
cation, which disclose algorithms for performing the opera-
tions that are performed by the hardware components and
the methods as described above.

The 1nstructions or software to control computing hard-
ware, for example, one or more processors or computers, to
implement the hardware components and perform the meth-
ods as described above, and any associated data, data files,
and data structures, may be recorded, stored, or fixed 1n or
on one or more non-transitory computer-readable storage
media. Examples of a non-transitory computer-readable
storage medium include read-only memory (ROM), ran-
dom-access memory (RAM), flash memory, CD-ROMs,
CD-Rs, CD+Rs, CD-RWs, CD+RWs, DVD-ROMs, DVD-
Rs, DVD+Rs, DVD-RWs, DVD+RWs, DVD-RAMs, BD-
ROMs, BD-Rs, BD-R LTHs, BD-REs, magnetic tapes,
floppy disks, magneto-optical data storage devices, optical
data storage devices, hard disks, solid-state disks, and any
other device that 1s configured to store the instructions or
software and any associated data, data files, and data struc-
tures 1n a non-transitory manner and provide the instructions
or software and any associated data, data files, and data
structures to one or more processors or computers so that the
one or more processors or computers can execute the
istructions. In one example, the instructions or software
and any associated data, data files, and data structures are
distributed over network-coupled computer systems so that
the 1nstructions and software and any associated data, data
files, and data structures are stored, accessed, and executed
in a distributed fashion by the one or more processors or
computers.

While this disclosure includes specific examples, it waill
be apparent after an understanding of the disclosure of this
application that various changes 1n form and details may be
made 1n these examples without departing from the spirit
and scope of the claims and their equivalents. The examples
described herein are to be considered in a descriptive sense
only, and not for purposes of limitation. Descriptions of
features or aspects 1n each example are to be considered as
being applicable to similar features or aspects i other
examples. Suitable results may be achieved if the described
techniques are performed 1n a different order, and/or it
components 1n a described system, architecture, device, or
circuit are combined 1n a different manner, and/or replaced
or supplemented by other components or their equivalents.
Therefore, the scope of the disclosure 1s defined not by the
detailed description, but by the claims and their equivalents,
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and all vanations within the scope of the claims and their
equivalents are to be construed as being included in the
disclosure.
What 15 claimed 1s:
1. A method with algorithm updating, comprising:
generating a first output batch with respect to a first input
batch using an algorithm configured to generate a
disparity image, the first input batch comprising one or
more first mput 1mages, and the first output batch
comprising one or more first output 1mages;

generating a test batch based on the first output batch and
a second input batch corresponding to the first input
batch, the test batch comprising one or more test
images, and the second input batch comprising one or
more second 1mages having viewpoints that are difler-
ent from viewpoints of the one or more first 1mages;
and

updating the algorithm based on a difference between the

first 1input batch and the test batch.

2. The method of claim 1, wherein the one or more first
images comprise at least one lelt image captured by a left
camera of stereo cameras and at least one right image
captured by a right camera of the stereo cameras.

3. The method of claim 1, wherein the one or more first
images do not have a label indicating a viewpoint.

4. The method of claim 1, wherein the one or more first
images and the one or more second 1mages are of respective
stereo 1mages.

5. The method of claim 1, wherein the algorithm 1s a
neural network-based algorithm.

6. The method of claim 1, wherein the updating of the
algorithm comprises:

determining the difference between the first mput batch

and the test batch; and

updating the algorithm to reduce the difference between

the first mnput batch and the test batch.

7. The method of claim 6, wherein the determining of the
difference between the first input batch and the test batch
COmprises:

generating respective masks on a first image, among the

one or more first images, and a test image, among the
one or more test 1mages; and

determiming the difference between the first input batch

and the test batch based on regions, excluding the
masks, of the first image and the test image.

8. The method of claim 7, wherein the generating of the
respective masks comprises generating the respective masks
based on a baseline of a camera.

9. The method of claim 7, wherein the generating of the
respective masks comprises generating the respective masks
based on either one or both of object information in the first
image and object information 1n the test image.

10. A non-transitory computer-readable storage medium
storing 1nstructions that, when executed by a processor,
cause the processor to perform the method of claim 1.

11. A method with algorithm updating, comprising:

generating a first output batch with respect to a first input

batch using an algorithm for generating a disparity
image, the first input batch comprising one or more {irst
input 1mages, and the first output batch comprising one
or more first output 1mages, each 1image of the one or
more first output 1mages having a same viewpoint as a
corresponding first input 1image of the one or more {irst
input 1mages;

generating a test batch based on the first output batch and

the first input batch, the test batch comprising one or
more test 1mages; and
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updating the algorithm based on a difference between the
test batch and a second mput batch corresponding to the
first input batch, the second input batch comprising one
or more second images having viewpoints that are
different from wviewpoints of the one or more {irst
1mages.

12. The method of claim 11, wherein the updating of the
algorithm comprises:

determining the difference between the second input batch

and the test batch; and

updating the algorithm to reduce the difference between

the second 1nput batch and the test batch.

13. The method of claim 12, wherein the determining of
the difference between the second mput batch and the test
batch comprises:

generating respective masks on a second image, among,

the one or more second images, and a test 1mage,
among the one or more test images; and

determining the difference between the second input batch

and the test batch based on regions, excluding the
masks, of the second 1image and the test image.

14. A non-transitory computer-readable storage medium
storing 1nstructions that, when executed by a processor,
cause the processor to perform the method of claim 11.

15. An apparatus with algorithm updating, comprising:

a processor configured to:

generate a first output batch with respect to a first input
batch using an algorithm configured to generate a
disparity 1mage, the first input batch comprising one
or more first 1mages, and the first output batch
comprising one or more {irst output 1mages;

generate a test batch based on the first output batch and
a second mput batch corresponding to the first input
batch, the test batch comprising one or more test
images, and the second input batch comprising one
or more second 1mages having viewpoints that are
different from viewpoints of the one or more first
images; and

update the algorithm based on a difference between the
first input batch and the test batch.

16. The apparatus of claim 15, wherein the one or more
first 1images comprise at least one left image captured by a
left camera of stereo cameras and at least one right 1mage
captured by a right camera of the stereo cameras.

17. The apparatus of claim 15, wherein the updating of the
algorithm comprises:

determining the difference between the first input batch

and the test batch; and

updating the algorithm to reduce the difference between

the first mput batch and the test batch.

18. The apparatus of claim 17, wherein the determining of
the difference between the first input batch and the test batch
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generating respective masks on a first image, among the
one or more first images, and a test image, among the
one or more test images; and

determiming the difference based on regions, excluding

the masks, of the first image and the test image.

19. The apparatus of claim 18, wherein the generating of
the respective masks comprises generating the respective
masks based on a baseline of a camera.

20. The apparatus of claim 17, wherein the generating of
the respective masks comprises generating the respective
masks based on either one or both of object information in
the first image and object information in the test image.

21. The apparatus of claim 15, further comprising a
memory storing computer readable imstructions, wherein the
processor 1s configured to execute the instructions to con-
figure the processor to perform the generation of the first
output batch, the generation of the test batch, and the update
of the disparity model.

22. An apparatus with algorithm updating, comprising;:

a processor configured to:

generate a first output batch with respect to a first input
batch using an algorithm for generating a disparity
image, the first input batch comprising one or more
first 1mages, and the first output batch comprising
one or more first output 1mages;

generate a test batch based on the first output batch and
the first input batch, the test batch comprising one or
more test images; and

update the algorithm based on a difference between the
test batch and a second 1input batch corresponding to
the first input batch, the second mput batch compris-
ing one or more second 1mages having viewpoints
that are different from viewpoints of the one or more
first 1mages.

23. The apparatus of claim 22, further comprising stereo
cameras 1including a left camera and a right camera, wherein
the one or more first images comprise at least one leit image
generated by the left camera and at least one right image
generated by the right camera.

24. The apparatus of claim 22, wherein the algorithm
comprises a neural network-based algorithm, and

wherein the updating of the algorithm comprises updating

the algorithm through backpropagation.

25. The apparatus of claim 22, wherein the updating of the
algorithm based on the difference between the second 1nput
batch and the test batch comprises updating the algorithm
based on an average of respective differences between
second 1mages, among the one or more second 1mages, and

corresponding test images, among the two or more test
1mages.
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